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ABSTRACT Lithium-ion batteries are generally regarded as a leading candidate for energy storage systems.
The safe and reliable operation of lithium-ion batteries depends largely on accurate estimation of the state of
charge (SOC), which requires an accurate battery model. Bearing strong mechanisms, the electrochemical
model (EM) can mimic the battery dynamics with high fidelity, and thus the EM-based methods can produce
more reliable SOC estimates. This paper proposes a novel EM-based SOC estimation method for lithium-ion
batteries from the electrochemical mechanism perspective. Firstly, a single particle model is employed to
gain a direct insight into the electrochemical reactions inside the battery, and it is found that the model
output voltage and SOC are strongly related to the lithium-ion concentrations of solid phases. A simple
negative voltage feedback module is then applied to observe the voltage error between the cell referenced
terminal voltage and the model output voltage. To eliminate the voltage error and achieve a precise estimate,
a quantitative relationship between the voltage error and corrected amount of lithium-ion concentrations is
deduced based on the Nernst equation. The performance of proposedmethod has been systemically evaluated
under different operating conditions, including various charging and discharging current rates, erroneous
initial SOCs, and cell aging levels. Although an erroneous initial SOC of 50% is applied to the proposed
algorithm, promising estimates with the mean absolute errors of 0.22% and 1.35% can be still achieved
under the constant and dynamic loading conditions, respectively.
INDEX TERMS Lithium-ion battery, state of charge (SOC), electrochemical model, Nernst equation.
I. INTRODUCTION
With numerous advantages, such as high energy density,
low self-discharging rate, no memory effects, and long lifes-
pan, and so on, lithium-ion batteries are generally regarded
as a leading energy storage candidate for electric vehicles,
renewable energy systems, portable electronic devices, and
many other applications [1]–[3]. In most lithium-ion battery
energy storage systems, a battery management system (BMS)
is employed to manage the performance and maintain the
longevity of battery cells [1], [4], [5]. The functions of
The associate editor coordinating the review of this manuscript and
approving it for publication was Guijun Li .
a BMS include mainly cell voltage detection and balanc-
ing [6], [7], estimation of state of charge (SOC) [8]–[11]
and state of health (SOH) [12]–[14], and thermal manage-
ment [15]–[18]. Defined as the ratio of the residual charge
stored in a battery to its maximum available capacity, the
SOC is one of the primary and critical parameters for the
development of batterymanagement strategies [19]. Accurate
SOC estimation plays a vital role in controlling the safe
charging and discharging of the battery while guarantee-
ing its efficiency. However, the SOC cannot be measured
directly and accurately by sensors like ordinary physical
quantities in practices. Despite the huge research efforts, the
battery SOC estimation still poses a significant challenge
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due to the complexity and nonlinearity of electrochemical
reactions.
A. REVIEW OF SOC ESTIMATION METHODS
According to whether the SOC estimations used for online
applications or not, the SOC estimation methods can be
divided into offline and online estimation methods. The
offline estimation methods mainly include the open circuit
voltage (OCV) [20], [21], electromotive force [22], internal
resistance [23], and impedance spectroscopy [24]. Though
generally simple and readily implementable, they have great
strict requirements for experimental conditions and time.
Because these methods need to interrupt normal operations
of the battery, they are only suitable for measurement in
laboratories or as a cross check for other estimation methods.
The online estimation methods mainly include the
coulomb-counting (CC), computer intelligence methods, and
model-based methods. The CC method computes the SOC
by integrating the battery loading current over time, and
requires an accurate initial SOC [4]. However, finding the
accurate initial SOC itself is a challenge. Also, its estimates
are susceptible to current drift and measurement noise.
The computer intelligence-basedmethods estimate the bat-
tery SOC by utilizing some intelligent algorithms, such as
the genetic algorithm [25], particle swarm optimization [26],
fuzzy logic [27], neural network [28], [29], and support vector
machine [30], etc. Treating the battery as a black-box system,
these methods approximate the relationship between the SOC
and other variables by training the approximate model with a
large quantity of experimental data. Promising accuracy can
be achievedwith reliable training data, but thesemethodsmay
fail in unexpected training conditions.
The model-based SOC estimation methods have attracted
considerable attentions due to their remarkable advantages
of closed-loop control and insensitivity to unexpected distur-
bances. The reported model-based SOC estimation methods
mainly differ from the battery models and observes employed
in the methods [31]. Commonly used battery models include
equivalent circuit models (ECMs) and electrochemical mod-
els (EMs). In the ECMs, the characteristics of circuit elements
such as the voltage source, resistance, and capacitance are
applied to simulate the battery dynamics. Simple and flexible
model structure of the ECMs promotes their controllability
and applicability in practices [19]. However, the ECMs fail
to give the full expression to the battery dynamics due to
the lack of the representations of physicochemical reactions
inside the battery. Different from the ECMs, EMs are derived
based on the electrochemical reaction mechanisms and thus
have the capability to elaborate the battery dynamics, such
as lithium-ion diffusion and intercalation/de-intercalation.
Knowledge of these dynamics inside the battery significantly
enables more reliable and accurate battery state estimation.
The development of EMs with control algorithms, however,
is severely hampered by their complexity.
The most frequently used observers in model-based SOC
estimation methods include the H-infinity filter [32], derivate
Kalman filters [9], [10], particle filter [8], and sliding mode
observer [33], [34]. While the use of these observers can
improve the accuracy of the model and the SOC estimation,
they bring extra complexity and computational efforts to
the estimation algorithms. It is also worth mentioning that
most of the observe parameters are usually determined by
empirical knowledge and need to be calibrated by a tedious
procedure, which is not associated with the mechanisms of
electrochemical reaction inside the battery. Very few reports
investigated observers from the perspective of electrochemi-
cal mechanisms to improve the performance of model-based
methods. More efforts are therefore needed to address these
issues.
B. KEY CONTRATIONS
To address the knowledge gaps mentioned above, a novel
EM-based battery SOC estimation method is proposed in this
paper, and the key contributions of this work are summarized
as the following:
1) An approach from the perspective of electrochemical
mechanisms is proposed for estimating lithium-ion bat-
tery SOC, based on a battery single particle model and
the Nernst equation.
2) A simple voltage negative feedback is applied to elim-
inate the voltage error between the battery referenced
terminal voltage and the model output voltage. The
relationship between the voltage error and the cor-
rected amount of lithium-ion concentrations in solid
phase is quantitatively deduced by using the Nernst
equation.
3) The robustness and effectiveness of the proposed
SOC estimation method are systemically validated
under different operating situations, including various
charge/discharge current rates and cell aging levels,
erroneous initial SOCs, and dynamic conditions.
C. PAPER ORGANIZATION
The remainder of this paper is organized as follows. Section II
introduces a simplified battery EM to depict the electrochem-
ical reactions inside the battery. The proposed battery SOC
estimation method based on the lithium-ion concentration
and Nernst equation is presented in Section III. Section IV
demonstrates the experimental results and discussions, fol-
lowed by a summary of the main conclusions and future work
in Section V.
II. BATTERY ELECTROCHEMICAL MODEL
As shown in Fig. 1, the schematic of a typical battery EM,
1D-spatial model, consists of a porous negative electrode,
a porous positive electrode, an electron-blocking separator,
and electrolyte. When the lithium-ion battery is charging,
lithium-ions de-intercalate from the positive electrode and
pass through the separator to the negative electrode. Themore
lithium-ions intercalate to the negative electrode, the more
energy is charged into the battery. On the contrary, during the
battery discharging process, lithium-ions de-intercalate from
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FIGURE 1. Schematic of a lithium-ion battery electrochemical model.
the negative electrode and then travel across the separator to
the positive electrode.
In the model, the lattice structure of a lithium-ion battery
electrode is visualized as small spherical solid particles that
are assumed to be uniformly dispersed along the X-axis to
hold lithium-ions in the solid phase [1], [4]. The intercalation
and de-intercalation processes of lithium-ions are visualized
by the ions moving in and out of the spherical solid particles.
During the charging and discharging, the lithium-ions and
charges in the positive and negative electrodes and liquid are
conserved. Table 1 lists the governing equations for describ-
ing the dynamics of lithium-ion batteries. More details about
the dynamics of lithium-ion batteries can be found in the
literature [1], [4].
As listed in Table 1, the dynamics of lithium-ion batter-
ies can be described by a set of partial differential equa-
tions (PDEs). These equations are difficult to apply directly
in practice, especially for further development of advanced
EM-based algorithms. To simplify the model, each electrode
TABLE 1. The dynamic behavior of Lithium-ion batteries.
FIGURE 2. Schematic of SPM for Lithium-ion Battery.
of the battery can be visualized as a single spherical solid
particle that holds the lithium-ions in each of its layers,
as shown in Fig. 2. The simplified model is known as the sin-
gle particle model (SPM). This approximation is also studied
in the literature [1], [4].
In the SPM, the lithium-ion concentration in electrolyte is
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Thus, the SPM considers mainly the solid phase lithium-
ion diffusion. The total number of lithium-ions and the










where ns_total and cs_mean denote the total number of
lithium-ions and the mean lithium-ion concentration in the
solid electrode, respectively.










(cs(i, k)(i− 1)2) (11)
The mean lithium-ion concentration in the electrode can be





The output voltage, U, of the SPM can be determined by
U (t) = 8s(0+, t)−8s(0−, t)− I (t)Rc (13)
where 8s(0+, t) and 8s(0−, t) denote the potentials of pos-
itive and negative electrodes, respectively, and Rc represents
the empirical contract resistance of the battery.
The electrode potential, ϕ, of the battery can be calculated
by
ϕ(t) = 8s(0+, t)−8s(0−, t) (14)
By substituting (14) into (13), the output voltage can be
rewritten as
U (t) = ϕ(t)− I (t)Rc (15)


















































where cs(RP, t) and cs,max denote the outermost lithium-ion
concentration and the maximum lithium-ion concentration,
respectively; Rsum is the sum of contract and SEI film resis-
tances; and U (cs(RP, t)) represents the open circuit potential
of the electrode.
III. THE PROPOSED SOC ESTIMATION METHOD
A. FEEDBACK VOLTAGE ERROR AND LITHIUM-ION
CONCENTRATION CORRECTION
As shown in (12) and (16), the SOC andmodel output voltage
are strongly related to the lithium-ion concentrations of solid
phases. During the battery charging and discharging pro-
cesses, the cell terminal voltage can be accurately measured
by voltage sensors. A simple voltage negative feedback is
employed to observe the voltage error between the referenced
cell terminal voltage andmodel output voltage. It is necessary
to eliminate the voltage error by correcting the lithium-ion
concentrations to ensure that the model can precisely mimic
the dynamics of lithium-ion battery, thus achieving an accu-
rate SOC estimation.
Assume that at time instant t = k , there are errors between
the estimated and actual values of the SOC and U , noted
as 1SOC(k) and 1U (k), respectively. For the purpose of
eliminating the errors, an amount of correction of lithium-ion
concentration is added at the time instant t = k + 1, and the
revised lithium-ion concentration values can be calculated as{
c+∗s (i, k + 1) = c
+
s (i, k + 1)+1c
+
s (k + 1)
c−∗s (i, k + 1) = c
−
s (i, k + 1)+1c
−
s (k + 1)
(17)
where i = 2, 3, . . . n1, k = 2, 3, . . . n2; 1c+s (k + 1) and
1c−s (k + 1) denote the corrected amount of lithium-ion con-
centration for the positive electrode and the negative electrode
at the time of (t=k+1), respectively; and c+∗s (i, k + 1) and
c−∗s (i, k + 1) represent the revised lithium-ion concentration
in the positive electrode and the negative electrode at time
instant k + 1, respectively.
By substituting (17) into (11), the corrected mean lithium-







((c+s (i, k + 1)+1c
+














(1c+s (k + 1)(i− 1)
2)
= c+s_mean(k + 1)+
n1(2n1 − 1)
2(n1 − 1)2
1c+s (k + 1)
= c+s_mean(k + 1)+1c
+





1c+s (k + 1) (19)
c−∗s_mean(k + 1)
= c−s_mean(k + 1)+1c
−





1c−s (k + 1) (21)
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where 1c+∗s_mean(k + 1) and 1c
−∗
s_mean(k + 1) denote the
revised mean lithium-ion concentration in the positive and
the negative electrodes at time instant k + 1, respectively;
1c+s_mean(k + 1) and 1c
−
s_mean(k + 1) denote the corrected
amount of mean lithium-ion concentrations in the positive
and negative electrodes at time instant k + 1, respectively.
Based on (12), the battery SOC can be calculated by using


















The SOCs calculated by (19) and (20) should be equal,
namely
SOC+ = SOC− (24)
By substituting (22) and (23) into (24), the relationship
between the mean lithium-ion concentrations of positive and


























The relationship between the mean lithium-ion concen-
trations of positive and negative electrodes before and after
correction can be obtained from (25) as
c+s_mean(k + 1) = K (c
−




c+∗s_mean(k + 1) = K (c
−∗





By substituting (18) and (20) into (26), the relationship
between1c+s_mean(k+1) and1c
−
s_mean(k+1) can be obtained
as
1c+s_mean(k + 1) = K1c
−
s_mean(k + 1) (27)
Substituting (19) and (21) into (27), one can obtain the
relationship between 1c+s (k + 1) and 1c
−
s (k + 1) as
1c+s (k + 1) = K1c
−
s (k + 1) (28)
B. NERNST EQUATION FOR CORRECTING LITHIUM-ION
CONCENTRATIONS
Although the relationship between the model output voltage
and lithium-ion concentrations can be expressed in (16), it is
difficult to directly deduce the corrected amount of lithium-
ion concentrations according to the voltage error and (16).
To address this issue, the Nernst equation is employed
in this work for computing and correcting the lithium-ion
concentrations.
The Nernst equation describes the quantitative relationship
between the standard electrode potential, activity of reactants,
and the reversible potential of cell electrode. It is a concrete
manifestation of thermodynamic equilibrium in the process
of electrochemical reaction. For a chemical reaction shown as
aA+ bB cC + dD (29)
The electrode potential can be calculated by the Nernst
equation as [35]







where ϕ0 denotes the standard electrode potential, n repre-
sents the number of electrons transferred during the reaction,
and a( ) represents the activity of the counterpart.
The electrochemical reaction in the positive and negative
electrodes of LiMn2O4 batteries during the charging and





Li1−xMn2O4 + xLi+ + xe−






The total electrochemical reactions in the battery can be
expressed as




(Li1−xMn2O4)+ + x(Li+)+ + (LixC6)− (32)
where ( )+ and ( )− denote that the substance is in the positive
and negative electrodes, respectively.
The electrode potential of the battery can be calculated by







where a+(Li+) and a−(Li+) represent the activity of Li+ in
the positive and negative electrodes, respectively.
Since the solid activity is equal to 1, the electrode potential
can be recalculated by













The degree of embedding is usually used to replace the
activity, which refers to the ratio of the embedded quantity
to the maximum embedded quantity in the current state [36].
In this paper, the embedded quantity of lithium ion is
expressed by the mean lithium-ion concentration, and there-
fore, the relationship between the activity and concentration
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whereM denotes the degree of embedding, and N represents
the activity.
The activity of Li+ in the positive and negative electrodes


















where M+ and M− denote the degrees of embedding, and
N+ and N− the activities of lithium-ion in positive and
negative, respectively.
Substituting (36) into (34), one can express the electrode
potential as






























+ϕ0 − I (t)Rc (38)
By (38), the referenced cell terminal voltage and model
































+ϕ0 − I (t)Rc
(39)
To represent the difference between the cs,max and cs_mean,
a variable D is defined as{
D−(k + 1) = c−s,max − c
−
s_mean(k + 1)




Substituting (18), (20) and (40) into (39), one can obtain






c+s_mean(k + 1)D−(k + 1)
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D+(k + 1)−1c+s_mean(k + 1)
D−(k + 1)−1c−s_mean(k + 1)
)
+ϕ0 − I (t)Rc
(41)
The voltage error (1U ) between the referenced cell termi-
nal voltage and model output voltage is determined by
1U = U∗(k + 1)− U (k + 1) (42)










































D−(k + 1)−1c−s_mean(k + 1)
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D−(k + 1)−1c−s_mean(k + 1)
·
D+(k + 1)− K1c−s_mean(k + 1)




Through a mathematical transformation, one obtains
A(1c−s_mean(k + 1))
2
+ B1c−s_mean(k + 1) = C





C = D+c−s_mean(k + 1)− HD
−c+s_mean(k + 1)
(47)
Thus, the corrected amount of mean lithium-ion concen-












, A 6= 0, 4AC + B2 > 0
0, Others
(48)
By substituting (48) into (21), the corrected amount of
lithium-ion concentration in each layer of the negative elec-
trode can be obtained as
1c−s (k + 1) =
2(n1 − 1)2
n1(2n1 − 1)
1c−s_mean(k + 1) (49)
Substituting (49) into (28), one obtains the corrected
amount of lithium-ion concentration in each layer of the
positive electrode as
1c+s (k + 1) =
2(n1 − 1)2
n1(2n1 − 1)
K1c−s_mean(k + 1) (50)
The scheme of the proposed SOC estimation method is
shown in Fig. 3. The initial value of the battery model
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FIGURE 3. The scheme of the proposed SOC estimation method.
is given at the initial time instant, k = 0. The voltage
error, 1U , between the battery terminal voltage and the
model output voltage is fed back to the correction module
that is deduced based on the Nernst equation for correcting
lithium-ion concentrations at the next time instant. Then,
the updated lithium-ion concentrations are used to compute
the estimated SOC and model output voltage.
IV. EXPERIMENTAL RESULTS AND DISCUSSIONS
The LiMn2O4 battery cells with the rated capacity of 90 Ah
are employed in the battery experimental tests. Due to the
limitation of present commercial battery techniques, some
battery manufacturers suggest charging the battery with the
current rate of less than 1 C (e.g., 1/3 C) to ensure the safety
of battery systems. The current rate range from 1/3 C to 1 C
is widely used in applications, literature, and some standard
battery test manuals [4], [8], [20], [21], [37]–[39]. Thus, the
experiments are mainly conducted at the current rate range
from 1/3 C to 1 C. The test data, including the loading
current, and charge or discharge capacity, are recorded by a
battery charger and stored in a host computer. Specifically,
the recorded charging and discharging capacities during the
experiments are used to compute the battery’s referenced
SOCs that would be compared with the estimates.
To evaluate the performance of the proposed estima-
tion method against different charging and discharging cur-
rents, the battery cell is loaded with eight various charging
and discharge current rates including ±1/3 C , ±1/2 C ,
±2/3 C , and ±1 C , and the test data are used for the
verification.
Fig. 4 shows the SOC estimation results when the battery
SOH is 100% and its initial SOCs are 0% and 100% for
the validations during the battery charging and discharging
processes, respectively. The accurate initial SOCs are given
to the proposed model and algorithm. As shown in Fig. 4(a),
although different current rates are applied to charge the
battery, the SOC estimates can well track with the ref-
erenced SOCs for each current rate. The SOC estimation
errors between the estimates and references are depicted
in Fig. 4(b), where the errors can be limited in a narrow
band of ±0.50%. The verification results during battery dis-
charging processes are shown in Figs. 4(c) and 4(d). For
different discharge current rates, promising SOC estima-
tion results with the maximum absolute error of 0.8% can
be achieved.
However, accurate initial battery SOC is usually unknown
in real applications, especially after the battery has been in
service for a long time. It is necessary to verify the proposed
method in the case when the accurate initial SOC is unknown
or an erroneous initial SOC is given. Herein, the battery
charge and discharge experiments were carried out on bat-
teries whose initial SOCs are actually 50%, but set to 0%
and 100% deliberately for battery charging and discharging
processes, respectively, i.e. a 50% error of the initial SOC
211744 VOLUME 8, 2020
L. Liu et al.: Effective Method for Estimating SOC of Lithium-Ion Batteries
FIGURE 4. Battery SOC estimation results when given accurate initial SOC.
between the references and estimates. Fig.5 shows the SOC
estimation results for this case.
From Figs. 5(a) and 5(c), it can be found that in the
early stage of charging or discharging processes, an initial
SOC error of ±50% can be observed. However, the esti-
mates can quickly converge to their references, and then the
estimated SOCs keep on following the references closely.
Figs. 5(b) and 5(d) show that in the first 250s, the SOC esti-
mation errors significantly reduce from±50% to about±1%,
and afterwards, the estimation errors can be maintained in
an error band of ±0.8%. Moreover, as shown in Figs. 5(d),
a huge fluctuation of SOC estimation error at the end of
FIGURE 5. Battery SOC estimation results when given erroneous
initial SOCs.
battery discharging can be observed, especially at −1 C.
It is mainly caused by a massive change of battery polar-
ization and ohmic resistance at high SOCs [13], [40], [41],
resulting in large SOC estimation errors at the end of battery
discharging, especially at a high current rate. Fortunately,
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the proposed algorithm can quickly correct this fluctuation
and follow the tracks of the references. It is also worth
mentioning that the value of this considerable fluctuation is
still very small, about -0.8%, and it is acceptable within the
allowable range of the error. The experimental results suggest
that the proposed method can handle the case with erroneous
initial SOCs during both battery charging and discharging
processes quite well.
To evaluate the robustness of the proposed method against
varying cell aging, the proposed SOC estimation algorithm
is validated with the test data of a battery cell degraded from
100% SOH to about 72% SOH. An erroneous initial SOC
of 50% is always set to the model for the verification at
different battery aging levels, and the estimation results are
shown in Fig. 6.
FIGURE 6. SOC estimation results at different cell aging levels.
As shown in Fig. 6(a), the convergence time, defined as
the time period for the estimation error to reduce from its
initial value to the range of ±1%, is within 270s for batteries
of different cell aging levels and loading current rates, which
highlights the fast convergence rate of the proposed method.
Regardless of the SOC estimation errors that occur before
the convergence time, the mean absolute estimation errors are
FIGURE 7. The Current profile of DST cycles.
depicted in Fig. 6(b). As shown, most of the mean absolute
SOC estimation errors of less than 0.22% can be achieved at
different cell aging levels with various loading current rates.
FIGURE 8. SOC estimation results during DST cycles.
Besides, to further verify the performance of the proposed
method operating under dynamic loading conditions, the bat-
tery cell is tested with dynamic stress test (DST) cycles [38].
The current profile of DST cycles is depicted in Fig. 7, which
has been widely used to mimic the actual battery operating
currents, especially for electric vehicle applications. Before
the execution of DST cycles, the battery cell is fully charged,
and the referenced battery initial SOC is 100%. The model
initial SOC is set to 50%, and the SOC estimation results
during DST cycles are shown in Fig. 8. As shown in Fig. 8(a),
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although there is a large initial SOC error applied to the
proposed SOC estimation algorithm, the estimates can still
converge to its references at about 100s and then follow the
tracks of the references. The SOC estimation errors during
DST cycles are depicted in Fig 8(b), wherein some error
fluctuations can be observed, but specifically, most of the esti-
mation errors can be confinedwithin an error band of±5.00%
with the mean absolute error of about 1.35%. It manifests
that the proposed method for estimating battery SOC is still
feasible under dynamic loading conditions.
TABLE 2. The comparison of the proposed method and other methods.
The comparison between the proposed method and
conventional EM-based methods reported in the refer-
ences [4], [42]–[46] in terms of estimation absolute error and
considering the influence factors of SOC estimation, such as
cell aging and current rate, is listed in Table 2. It can be found
that the EM-based methods with different observer/filter
techniques can achieve accurate estimates. However, most
reported techniques have not been evaluated under different
operating conditions, such as various cell aging levels and
loading current rates. The performance of proposed method
in this paper has been systemically evaluated under differ-
ent operating conditions, which indicates its high degree of
robustness.
V. CONCLUSION
In this paper, an approach based on a battery EM and the
Nernst equation was proposed for estimating the SOC of
lithium-ion batteries. A single particle model that reduces
the complexity of typical battery EM while maintaining
its capability to capture battery dynamics was employed
in this work to provide a direct insight to compute the
lithium-ion concentrations in solid particles. The voltage
error between the cell referenced terminal voltage and model
output voltage was used to correct the lithium-ion concen-
trations through a simple voltage negative feedback mod-
ule. The corrected amount of lithium-ion concentration was
quantitatively deduced by the Nernst equation. The perfor-
mance of the proposed method has been validated under dif-
ferent operating conditions, including various charging and
discharging current rates, erroneous initial SOCs, and cell
aging levels. Experimental results showed that although an
erroneous initial SOC of 50% was applied to the proposed
algorithm, promising estimates with the mean absolute errors
less than 1.35% could be still achieved for both constant and
dynamic loading conditions, demonstrating the high degree
robustness and effectiveness of the proposed SOC estimation
method.
However, the practical application of EM-based methods
is still impeded by their complexity, especially for embed-
ded battery management systems with limited computational
resources. Fortunately, the development of the cloud com-
puting technique has great potential to address this issue.
With the vast computational resources, the cloud computing
technique can handle complicated EM-based algorithms with
ease in real-time. Besides, most available solutions for esti-
mating battery SOC were validated on a battery cell level.
How to develop the SOC estimation method from a cell level
to a pack level is still an open question. These tasks will be
investigated in our future work.
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